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Abstract. Few species are likely to be so evident that they will always be detected
when present. Failing to allow for the possibility that a target species was present, but
undetected, at a site will lead to biased estimates of site occupancy, colonization, and local
extinction probabilities. These population vital rates are often of interest in long-term
monitoring programs and metapopulation studies. We present a model that enables direct
estimation of these parameters when the probability of detecting the species is less than 1.
The model does not require any assumptions of process stationarity, as do some previous
methods, but does require detection/nondetection data to be collected in a manner similar
to Pollock’s robust design as used in mark—recapture studies. Via simulation, we show that
the model provides good estimates of parametersfor most scenarios considered. Weillustrate
the method with data from monitoring programs of Northern Spotted Owls (Strix occiden-
talis caurina) in northern California and tiger salamanders (Ambystoma tigrinum) in Min-

nesota, USA.
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INTRODUCTION

Estimating the proportion of sites occupied by atar-
get species is important in both long-term monitoring
programs and metapopulation studies. In a monitoring
context, site occupancy probabilities may be used as a
metric reflecting the current state of the population.
Although estimates of abundance traditionally are used
asameasure of system state (e.g., Williamset al. 2002),
abundance estimation often requires more expense and
effort than estimation of site occupancy (e.g., Tyre et
al. 2001, MacKenzie et al. 2002). In metapopulation
and island biogeographic studies, site (or patch) oc-
cupancy often is used as a state variable and incor-
porated into ‘“‘incidence functions”’ that may be used
to estimate local extinction and colonization probabil-
ities (e.g., Hanski 1992, 1994, 1997, Moilanen 1999).
In both contexts, an important, commonly overlooked
fact is that the species often will not be detected even
when present at a site. Although detection indicates
that the speciesis present, nondetection does not equate
to species absence. Failing to account for imperfect
detectability will result in underestimates of site oc-
cupancy and biased estimates of local colonization and
extinction probabilities. The species turnover rate will
also be biased, as an apparent recolonization of a site
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actually may be due to nondetection of the species at
a previous sampling period.

MacKenzie et al. (2002) describe a method for es-
timating the proportion of sites occupied by a single
species during a short time interval (e.g., a single
breeding season) when the probability of detecting the
speciesislessthan 1. They envisage a sampling scheme
where N sites are visited on each of T sampling oc-
casions, and detection/nondetection of the species is
recorded on each visit. A model based upon the de-
tection histories for each site is constructed using
straightforward probabilistic arguments and permits
maximum likelihood estimation of the model param-
eters. MacKenzie et al. (2002) show that the sampling
scheme can be relaxed somewhat to allow for missing
values by aslight model adjustment, and that covariates
such as habitat type, patch size, or other environmental
variables can be easily incorporated. An important as-
sumption of their model is that sites are closed to
changes of the occupancy state during the sampling
interval. This may be reasonable over arelatively short
timeinterval (e.g., within asingle year), but isunlikely
to hold for longer studies (i.e., across multiple years).
Indeed, in many situations the rate of change in site
occupancies may be of more interest than the overall
proportion of sites occupied at any given time. Here
our interest is in long-term studies such as those using
site occupancy surveys for biological monitoring or
focusing on mechanisms underlying site occupancy dy-
namics.
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The vital rates of site occupancy dynamics are local
extinction and colonization probabilities. A popular ap-
proach to estimating these parameters has been based
on so-called ‘“‘incidence functions,” with incidence
viewed as either the probability that a species occupies
a specific site or the expected fraction of similar sites
that are occupied. The pattern of apparently occupied
sites at a single point in time is sometimes assumed to
represent the equilibrium of a stationary Markov pro-
cess, and local extinction and colonization probabilities
are estimated based on this assumption (e.g., Hanski
1992, 1994, 1997). However, it is always difficult to
infer process (extinction and colonization dynamics)
from pattern (site occupancy); typically, many pro-
cesses can produce any pattern. Clinchy et al. (2002)
recently used computer simulation to demonstrate that
observed patterns of patch occupancy by pikas (Och-
otona princeps) could have been produced by very dif-
ferent processes and, hence, very different patterns of
colonization and extinction.

Previous studies that have estimated local coloni-
zation and extinction probabilities using long-term data
on site occupancy over many sampling periods (e.g.,
years) most commonly have assumed that detection
probability is 1 (occupancy status is known with cer-
tainty in each sampling period) and that occupancy
dynamics are generated by a stationary Markov process
(Diamond and May 1977, Clark and Rosenzweig 1994,
Rosenzweig and Clark 1994). Other recent approaches
permit time-specific vital rates and thus make no as-
sumption about process stationarity, but still assume
perfect detection (Erwin et al. 1998, Moilanen 1999).
We stress that neither assumption is required for our
approach and believe such assumptions are unlikely to
hold for most organisms.

Recently, Moilanen (2002) investigated the effects
of various data error types on parameter estimates for
Stochastic Patch Occupancy Models (SPOMs); the er-
ror with the most serious implications was the record-
ing of false absences (because species were not de-
tected with certainty). Moilenan (2002) suggested mod-
ifying the probabilities of transition between patch
states (occupied and unoccupied) in successive years
by incorporating a term into the SPOMs for the prob-
ability of observing a false absence. Yet Moilanen as-
serted that the parameter cannot be estimated from the
type of data being considered, where each patch was
surveyed for species presence/absence only once per
year; ancillary information on detection probabilities
isrequired. We note that this modification only partially
allows for the effect of species nondetections. The con-
nectivity measure used by Moilanen (2002) and many
others, (S(t)), is afunction of the observed state of the
patches, which is not exactly known. To fully correct
for false absences, the connectivity measure should
also be modified, but that is not the scope of this paper.

We begin by outlining a basic sampling scheme that
allows estimation of site occupancy, colonization, and
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local extinction probabilities when a speciesis not de-
tected with certainty. We extend the methods of
MacKenzie et al. (2002) and present a statistical model
that permits direct estimation of these parameters. Sim-
ulation is used to assess model performance. To illus-
trate its utility, we analyze monitoring data for North-
ern Spotted Owls (Strix occidentalis caurina) in north-
ern California and tiger salamanders (Ambystoma ti-
grinum) in Minnesota farm ponds. The freely
downloadable program PRESENCE was used to ana-
lyze the data.®

METHODS
Basic sampling situation

We envisage a situation where N sites are surveyed
over time with the intent to establish the presence or
absence of aspecies. Sites may be anaturally occurring
sampling unit such as a discrete pond or patch of veg-
etation, an investigator-defined monitoring station, or
a quadrat chosen from a predefined area of interest.
The occupancy state of sites may change over time,
but there are intervals within the study during which
it is reasonable to assume that, for all sites, no changes
occur (e.g., annual breeding seasons in a 5-year study
of migratory birds, or days within a week-long study
of insects). The study consists of T primary sampling
periods, between which changesin site occupancy state
may occur. Within each primary period, investigators
use an appropriate technique to detect the species at k,
surveys of the site. This is akin to Pollock’s robust
design for mark—recapture studies where k, surveysrep-
resent secondary sampling periods within each primary
period (Pollock 1982, Pollock et al. 1990).

The target species may or may not be detected at
each survey and is not falsely detected when absent.
The resulting detection history for each site may be
expressed as T vectors of 1's and O’s, indicating de-
tection and nondetection of the species, respectively.
We denote the detection history for the k, surveys of
sitei at primary sampling period t as X;,, and the com-
plete detection history for site i, over all primary pe-
riods, as X;. Detection histories for the N sites can be
used to estimate site occupancy, colonization, and local
extinction probabilities using a simple application of
likelihood theory.

Satistical model

The situation presented by MacKenzie et al. (2002)
could be considered as a special case of those consid-
ered here, where multiple surveys of the sites are only
conducted for a single primary period. Let ;; be the
probability that a site is occupied by the species (at t =
1) and p,; be the probability of detecting the species,
given presence, in survey j within primary period t.
MacKenzie et al. (2002) use a series of probabilistic
arguments to model detection historiesin the following

8 URL: (http://www.proteus.co.nz)
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TaBLE 1. Sample detection histories, X;, and the associated
probabilities of observing them, Pr(X;).
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Note: Detection histories represent the sequence of species
detections (1) and nondetections (0), with groupings defining
the primary surveying periods (e.g., years).

manner. If sites were surveyed three times to detect the
species, the probability of obtaining the detection his-
tory 101 (i.e., the species was detected in surveys 1
and 3 but not in survey 2), can be modeled as follows:

Pr(xi,l =101) = Ll"lpl,l(l - pl,z)pl,s- (1)

If the species was never detected at asite (history 000),
there are two possibilities: either it was present but
never detected, or it was genuinely absent. The prob-
ability of this history could be expressed as

Pr(X;, = 000) = s, ﬂ AL-py)+@A-) (@

To extend this model beyond T = 1, we introduce
two additional parameters. Let -y, be the probability that
a site unoccupied at primary sampling period t is oc-
cupied by the species at t + 1 (colonization). Let g, be
the probability that a site occupied by the species at t
is unoccupied at t + 1 (local extinction). With these
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extra parameters we can continue to use a probabilistic
argument for later primary sampling periods.
Consider the detection history 001 000: the species
was detected at the site in the first primary period (t =
1) during the third survey only, and was never detected
in the second primary period (t = 2). The probability
of observing the detection history at t = 1 would be

Pr(Xiy = 001) = §3(1 — p)(1 — Pr2)Pia (3

Following this, there are two possibilities that would
result in the species not being detected at t = 2: either
it continued to occupy the site and was undetected, or
it became locally extinct. The probability of this oc-
curring would be expressed as

Pr(X;, = 000|X;;) = (1 —&,) ﬂ L-py) +e. @

The probability of observing the full detection history,
Pr(X, = 001 000), would be the product of Egs. 3 and 4.

Potentially, a number of different pathways could
result in an observed detection history. It is thus most
convenient to describe the model using matrix notation.
Let ¢, be a2 X 2 matrix of transition probabilities
between states of occupancy fromttot + 1 at primary
sampling periods 1, ... T — 1, where rows of ¢, rep-
resent the occupancy state of the site at t (state 1, oc-
cupied; state 2, unoccupied) and columns represent the
occupancy state at t + 1. Then,

1-— ¢ &y
b = .
Yt 11—y
Further, let ¢, be the row vector
b = [y 1 -4

where s, is the probability that the site is occupied in
the first primary sampling period. Let py, be a column
vector where each entry denotes the probability of ob-
serving the detection history X;, in primary period t,
conditional upon occupancy state. For instance,

pt,l(l - pt,z)pt,a
0

. 511(1 - pt,,»)E
000,t D l D

Whenever the species is detected at least once during
aprimary period, the second element of p,, will always
be zero, as it is impossible to observe such a history
if the site is in the unoccupied state.

The probability for an observed detection history
could then be calculated as

Piot

Pr(X,) = o H D (py)b Pxcr ®)

where D(py,) is adiagonal matrix with the elements of
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px, along the main diagonal (top left to bottom right),
zero otherwise. Examples of observed detection his-
toriesand their probability statements, according tothis
model, are given in Table 1.

The model likelihood is then calculated according to
Eq. 6, and the parameter values that maximize the like-
lihood can be obtained:

L(‘L’l! &, plxl! R XN) = E Pr(xl) (6)

An important assumption of the model is that all pa-
rameters are constant across sites at any given time.
Failure of this assumption introduces heterogeneity,
which will lead to biased parameter estimates. Use of
covariates enables this assumption to be relaxed some-
what, but heterogeneity created by unknown or un-
measured factors may be problematic.

Note that the probability of occupancy at time t, i,
can be calculated recursively by the relationship

U= Pl — 8 ) + (1 — Y )ver (7

Using thisrelationship, we can reparameterize the mod-
el to estimate s, directly, by rearranging Eq. 7 to make
either ¢, , or v, , the subject. Similarly, we imagine
that the rate of change in occupancy may be of interest
in some situations (e.g., change in the size of the spe-
cies' range). By means of analogy with population size,
we define such a rate of change as

Y
AN =—— 8
= ®
fort=1,2, ..., T — 1. By rearranging Eg. 8 and

substituting into Eq. 7, we can directly estimate the
rate of change in site occupancy.

Finally, we note that our model is closely related to
the modeling of temporary emigration in the mark—
recapture context (Kendall et al. 1997). Indeed, such
mark—recapture models recently were used to model
colony site dynamics for colonial waterbirds (Barbraud
et al. 2003). Although such an approach is conditional
upon the species being detected at a site at least once
and does not permit direct estimates of site occupancy
probabilities.

Extensions to the model

Missing observations.—In many situations, there
may be occasions when some sites cannot be surveyed
for various reasons: a technician’s vehicle may break
down enroute to the site; logistic constraints may limit
the number of sites that can be surveyed during a sam-
pling period; or the sampling protocol may not require
a site to be revisited in the primary period once the
species has been detected there. In such instances,
missing observations contribute no information about
model parameters. This can be easily accounted for in
the previous model.
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If missing observations occur in the secondary sam-
pling periods, the approach used by MacKenzie et al.
(2002) can be applied: and the vector py, is adjusted
by removing the corresponding p,; parameter(s). For
example, if the history 11_ is obtained at primary pe-
riod t (where ‘"’ indicates a missing observation),
then,

Pe1Py 2
o |

Put =

This represents that fact that no information, either
detection or nondetection, was gathered at the third
sampling occasion of primary period t.

Similarly, the model can be adjusted for situations in
which a site was not surveyed for an entire primary pe-
riod. Consider the following history, where the site was
not surveyed in the second primary period: 101-__001.
Again, no information has been collected regarding de-
tection or nondetection of the species. In this case how-
ever, we must allow for the fact that the occupancy
state of the site is also completely unknown. This can
be achieved by omitting py, entirely; i.e., the proba-
bility of this detection history is

Pr(X; = 101-.-_001) = &boD(Pyor1)db1doPoors- (9

Including covariates.—Potential relationships be-
tween covariates and parameters can be investigated
using the logistic model of Eq. 10, where 6 is the prob-
ability of interest, Y is the matrix of covariate infor-
mation, and B is the vector of logistic model coeffi-
cients to be estimated:

_ ep(YB)
1+ exp(YB)'

Suitable covariates for site occupancy, colonization,
and local extinction probabilities would be site-specific
variables that may change with each primary sampling
period (e.g., habitat type or generalized weather pat-
terns such as drought or El Nifio years). Such covariates
could also be used for detection probabilities, and co-
variates that may change with each secondary sampling
period (e.g., precipitation or air temperature) could also
be considered. This is unlike the situation in mark—
recapture, where time-varying, individual (site-specif-
ic) covariates cannot be used in the modeling of capture
histories from open populations because the covariate
value is unknown for occasions when the individual is
not encountered. In the site occupancy setting, how-
ever, the covariate may be measured regardless of
whether the species is detected. As mentioned previ-
ously, including covariates may account for some
forms of heterogeneity.

(10)

Model comparisons

Using the general framework just described, one
could develop a suite of potential models that may be
reasonable explanations of observed data, i.e., time-
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TABLE 2. Summary of model selection procedure and parameter estimates for the Northern Spotted Owl (Strix occidentalis

caurina).

Model AAIC w K B1097 Y1007 Y1008 Y1099 Y2000
$1(1997)y(year)e(-)p(year, -) 0.00 0.57 11 0.63 0.11 0.07 0.39 0.09
$(1997)y()e(-)p(year, ) 1.43 0.28 8 0.62 0.18 0.18 0.18 0.18
1(1997)y(year)s(year)p(year, ) 3.54 0.10 14 0.63 0.11 0.07 0.39 0.12
$(1997)y(-)e(year)p(year, ) 4.92 0.05 11 0.62 0.18 0.18 0.18 0.18
$(1997)y(year)e(-)p(:, -) 9.81 0.00 7 0.64 0.10 0.07 0.37 0.15
$(1997)v()e()p(:, -) 11.22 0.00 4 0.63 0.18 0.18 0.18 0.18
$(1997)y(year)e(year)p(:, -) 12.15 0.00 10 0.64 0.10 0.06 0.37 0.16
$(1997)y(-)e(year)p(:, -) 13.86 0.00 7 0.63 0.18 0.18 0.18 0.18
Model-averaged estimates 0.63 0.13 0.11 0.32 0.12

(1 se) (0.066) (0.071) (0.077) (0.134) (0.084)
Naive estimates 0.60 0.14 0.13 0.38 0.17

Notes: AAIC is the difference in AIC values between each model and the low-AlIC model; w is the AIC model weight;
and K is the number of parameters in the model. Model-averaged estimates of detection probability are {Piee7, Pioos: Pioses

Poocor Pooor} = 10.59, 0.52, 0.41, 0.38, 0.54} .

specific vs. time-constant extinction probabilities, or
models with and without a covariate of interest. Models
in the candidate set could be formulated to reflect com-
peting hypotheses about the system under study. Se-
lecting the better model(s) from the candidate set may
proceed either by hypothesis testing (such aslikelihood
ratio tests) or information-theoretic methods (such as
Akaike's Information Criterion, AIC).

Although our approach does not require the as-
sumption of stationarity, one could test whether such
an assumption would be reasonable by including a
model in the candidate set that represents this situation.
Using alternative parameterizations of the model (Egs.
7 and 8), the process would be stationary when the
occupancy probability is constant across time, or when
N = A = 1. Such a model can be formally compared
with a more general model permitting time-varying \,
to evaluate the assumption of stationarity.

SIMULATION STUDY
Smulation methods

We conducted a simulation study to investigate the
model’s performance under a variety of likely scenar-
ios. We generated data from the model such that all
parameters were constant with respect to time. For a
given local extinction probability (¢), the colonization
probability (y) was chosen such that the expected level
of occupancy remained equal to its initial level (ys,),
although in some situations, when {s; and ¢ are high,
this was not possible; hence y was set to 1. This type
of situation would represent a population of sites that
are in equilibrium with respect to overall occupancy,
i.e.,, the number of local extinctions would approxi-
mately equal the number of colonizations.

We considered the effects of six factors: number of
sites (N) = 20, 50, or 100; ¢, = 0.2, 0.5, or 0.8; ¢ =
0.1, 0.3, or 0.5; number of primary periods (T) = 3,
5, or 10; number of surveys per primary period (k) =
2 or 5; and probability of detecting the species (given
presence) in a survey (p;;) = 0.2 or 0.5. In all, we

considered atotal of 324 scenarios, each repeated 1000
times. Estimated parameter values and standard errors
were recorded each time. Standard errorswere obtained
from the variance—covariance matrix, which was cal-
culated by inverting the numerically approximated ma-
trix of second partial derivatives of the likelihood.

Smulation results

In some instances (generally <5%) the matrix of
second partial derivatives could not be inverted; this
tended to occur when parameters were estimated to be
very closeto 0 or 1. On such occasions, we disregarded
parameter estimates and variances.

Generally, the parameter estimates appear to be
largely unbiased except when both k, and p,; are small,
in which case site occupancy and colonization proba-
bilities tend to be overestimated when s, is low to
moderate, and underestimated otherwise. Local extinc-
tion probabilities also tend to be overestimated. In-
creasing N, T, k, or p,; improves both the accuracy and
precision of estimated parameter values.

Estimated standard errors, obtained from the matrix
of second partial derivatives, are in good agreement
with nominal standard errors calculated from the re-
peated parameter estimates for each scenario. Full re-
sults of the simulations are presented in the Appendix.

We have not assessed the robustness of our model
to violations of assumptions such as independent de-
tection histories or heterogeneity in detection proba-
bilities across sites. Undoubtedly violations of such
assumptions will influence parameter estimates, but the
severity of the resulting problems is unknown and a
current area of research.

EXAMPLES

Northern spotted owls.—Potential spotted owl ter-
ritories in northern California have been monitored for
the presence of breeding pairs since 1985. Here we
restrict our analysis to a subset of 55 sites surveyed
annually between 1997 and 2001. Each site was sur-
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TaBLE 2. Extended.

81997 81998 81999 82000
0.14 0.14 0.14 0.14
0.14 0.14 0.14 0.14
0.09 0.13 0.36 0.12
0.09 0.13 0.24 0.12
0.15 0.15 0.15 0.15
0.15 0.15 0.15 0.15
0.09 0.15 0.26 0.11
0.09 0.15 0.26 0.11
0.13 0.14 0.17 0.14
(0.038) (0.037) (0.062) (0.038)
0.12 0.19 0.28 0.13

veyed up to eight times (average 5.3 times) during a
breeding season to determine whether the territory was
occupied by a breeding pair. Survey techniques were
consistent from year to year and followed an estab-
lished protocol (Franklin et al. 1996). However, due to
logistical constraints, surveys within years were not
conducted simultaneously across sites.

Our model was fit to the data, as were a number of
nested submodels that constrained colonization, local
extinction, or detection probabilities to be constant
across years. For simplicity, we assume that detection
probabilities were constant for all surveyswithinyears,
although we believe this to be unlikely in practice.
Table 2 presents parameter estimates and results of a
model selection procedure based upon AIC, an infor-
mation-theoretic approach to model selection, with
smaller values indicating a more parsimonious model
(see Burnham and Anderson [2002] for a thorough dis-
course on model selection and inference using such
techniques). Models are denoted using a system similar
to that commonly used in mark—recapture, where terms
in parentheses indicate what factors are present for each
associated parameter (Lebreton et al. 1992), i.e., the
model (1997)v(-)e(year)p(year, -) has occupancy es-
timated for 1997 (the first primary period); time-con-
stant colonization probabilities; year-specific local ex-
tinction probabilities; and probability of detecting the
species during a single survey of asite that is constant
within years but varies between years.

Table 2 provides very strong evidence that detection
probabilities should be modeled as year specific (AIC
weightsfor p(:, -) models <1%, indicating little support
for these models given the observed data). The most
parsimonious model (with respect to AIC) is
P(1997)y(year)e(-)p(year, -), suggesting that coloni-
zation probabilities are year specific and local extinc-
tion probabilities are constant. However, the second-
and third-ranked models also have substantial AIC
weight; hence other interpretations should be consid-
ered. Model averaging, used to account for model se-
lection uncertainty (Burnham and Anderson 2002),
suggests that col onization probability tendsto be ~0.12
except after 1999, when it appears to be much higher
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(0.32), whereas local extinction probabilities tend to
be approximately constant (~0.14). Based on theseval-
ues, from Eqgs. 7 and 8 we calculate an average rate of
change in occupancy of 0.98 * 0.04 (=1 sE), sug-
gesting a reasonably static average level of occupancy
over 5 years. In this example, al of the dynamic pa-
rameters are estimated to be similar, but smaller, than
their naive counterparts. This implies that even with a
reasonably high probability of detecting abreeding pair
at asite during the survey (given presence, due to many
repeat surveys per season), by not explicitly accounting
for detectability we would have concluded a higher
turnover rate in territory use. This inferenceis consis-
tent with the simulation results of Moilanen (2002).
Tiger salamanders.—Forty farm ponds and natural
wetlands in southeastern Minnesota were surveyed for
amphibian activity during spring and summer of 2000
and 2001. Dip net surveys were conducted at each visit
for larvae and metamorphs of various amphibian spe-
cies. Here we focus on detection/nondetection data for
tiger salamanders, restricting our analysis to data col-
lected from May until the end of the first week in Au-
gust (as tiger salamander larvae and metaporphs may
not be present outside this time frame, which would
violate our within-season closure assumption). The 40
ponds were visited 5.0 times on average during 2000,
and 39 of these ponds were resampled during 2001 with
3.0 visits on average per pond. Tiger salamanders were
detected at 8 ponds in 2000 and 11 in 2001. Naive
estimates of occupancy (Table 3) suggest an apparent
increase of 41%. We use the alternative parameteri-
zation of the model by rearranging Eq. 7 to directly
estimate the occupancy probability in 2001, along with
the probability of local extinction between 2000 and
2001. For the sake of simplicity, in this example we
ignore some aspects of the sampling design and assume
that detection probabilities are constant within each
year. Full details of the study are available.”
Candidate models were fit to the data and compared
using AIC (Table 3 summarizes results of the model
selection procedure). Thereisvery strong evidence that
detection probabilities should be modeled as year spe-
cific [the p(-, -) models again have <1% of the AIC
weights], with the probability of detecting tiger sala-
manders during a visit to an occupied pond being (~)
0.4 higher in 2001. The most parsimonious model,
U(-)e(-)p(year, -), suggests that the overall level of oc-
cupancy is constant with some local extinctions, and
hence, a similar number of colonizations. The second-
ranked model, yi(year)e(-)p(year, -), also has a sub-
stantial model weight, implying that there may have
been a ~10% increase in the proportion of ponds oc-
cupied. Model averaging suggests that the overall level
of occupancy is very similar in the two years, with a
nonzero local extinction probability. Clearly, by allow-

7URL: (http://www.umesc.usgs.gov/terrestrial/amphibiang/
mknutson_5003869.html )
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TaBLE 3. Summary of the model selection procedure and parameter estimates (with 1 se in parentheses) for the tiger

salamander (Ambystoma tigrinum).

Model AAIC w K B2000 B2001 &2000 Pz000 Pzo01
U()e(-)p(year, ) 0.00 0.65 4 0.28 0.28 0.27 0.27 0.66
(0.070) (0.070) (0.152) (0.068) (0.079)
Y(year)e(-)p(year, ) 1.80 0.26 5 0.26 0.29 0.24 0.29 0.66
(0.086) (0.076) (0.161) (0.074) (0.081)
U(-)p(year, -) 4.22 0.08 3 0.34 0.34 0.00 0.22 0.57
(0.079) (0.079) (0.0) (0.049) (0.074)
Y(year)e()p(-, ) 10.18 0.00 4 0.22 0.34 0.15 0.45 0.45
(0.069) (0.089) (0.181) (0.059) (0.059)
v()e()p(:, °) 10.48 0.00 3 0.27 0.27 0.34 0.46 0.46
(0.066) (0.066) (0.144) (0.058) (0.058)
v()p(:, °) 17.78 0.00 2 0.35 0.35 0.00 0.36 0.36
(0.079) (0.079) (0.0)t (0.046) (0.046)
Model-averaged estimates 0.28 0.29 0.24 0.27 0.65
(0.078) (0.074) (0.164) (0.0712) (0.084)
Naive estimates 0.20 0.28 0.25

Note: Definitions are as in Table 2. The proportion of sites occupied each year and the local extinction probability were
directly estimated; hence, the colonization probability is not estimated.
T The parameter value was fixed; hence, it was known without error.

ing for the fact that probability of detection is <1, a
considerably different conclusion is reached concern-
ing the occupancy probabilitiesin the 2 years compared
to the naive estimates. This difference is largely ac-
counted for by the fact that detection probabilities ap-
pear to be unequal in 2000 and 2001.

The third- and sixth-ranked models, with constant s
and no e parameter, represent the situation where no
changes in the occupancy state of ponds occur between
years. Colonization and local extinction probabilities
are zero, and the proposed model reduces to the closed
population model of MacKenzie et al. (2002).

DiscussioN

Requiring the detection/nondetection data to be col-
lected in accordance with Pollock’s (1982) robust de-
sign may seem restrictive to some. However, repeated
surveys are required in order to estimate detection
probabilities, which enable direct estimation of the oth-
er parameters. If all sites are surveyed only once per
primary period, then detection probability will be con-
founded with the parameters of interest, resulting in
estimates that are biased to an unknown degree and
unknown direction. Although we have presented the
concept of repeated surveys as discrete visits to the
sites, in practice they may constitute two or more in-
dependent surveys conducted during a single visit by
single or multiple observers. Also, therepeated surveys
may be restricted to a subsample of sites in order to
collect sufficient information for estimating detection
probabilities, which can then be applied to those sites
only visited once. We believe there is a great deal of
flexibility in how the repeated surveys of sites may be
carried out.

However, careful attention must be devoted to effects
of the proposed study design on likely methods of anal-
ysis. If observers' abilities to detect the target species
differ substantially and observers only survey a single

site, a form of heterogeneity may be introduced that
would bias parameter estimates. Where possible, ob-
servers should be randomly allocated to different sites
on each survey occasion to minimize such an effect,
or should be suitably trained to have similar detection
abilities. Also, some study designs may restrict the
types of models that may be considered. For instance,
if during a primary period a site is not revisited after
the species is first detected, models involving survey-
specific detection probabilities cannot be fit to the data
and detection probabilities must be assumed constant
within a primary period.

We foresee numerous applications of this modeling
framework. Incidence function models frequently as-
sume functional relationships between patch-specific
extinction probabilities and patch characteristics (e.g.,
size and perhaps species abundance), and between
patch-specific colonization rates and isolation (e.g., as
a function of distance to other patches or to a source
population; see Hanski 1994, 1997, Moilanen 2002).
In contrast, our models treat these relationships as hy-
potheses to be tested, enabling an objective evaluation
of the strength of the relationships for extinction and
colonization probabilities, without restrictive assump-
tions about process stationarity and perfect detection.
One may aso formally compare various functional
forms for extinction and colonization probabilities. For
example, do the expressions for these quantities fre-
quently used in metapopulation studies (e.g., Hanski
1992, 1994, 1997, Moilanen 1999, 2002) provide a
better description of the observed data than simply as-
suming all patches have the same probabilities? Or,
does some other covariate relationship result in a su-
perior model? We believe that the N parameterization
(directly modeling rate of change in occupancy; Eqg. 8)
of these models may be especially useful for monitor-
ing programs by providing a metric reflecting change



August 2003

in system state, a use similar to that of an abundance-
based \. For invasive species or for species hypothe-
sized to be especially sensitive to climate and habitat
change, the interpretation of \ as reflecting changesin
the proportion of area occupied (range expansion or
contraction) may be useful. Estimates and comparisons
of competing models (e.g., time-invariant vs. time-
varying A\) can be used to assess assumptions about
process stationarity that are required by many other
analyses and estimators commonly used in metapop-
ulation studies.

Finally, we note that in our experience, a common
argument for not adopting aformal statistical approach
to modeling wildlife data is that the required assump-
tions are unrealistic. Many believe that a naive ap-
proach, such as using a count of the number of sites
where the species was detected or the number of ani-
mals encountered, is more robust and requires fewer
assumptions. The converse is actually true. For the
count to be avalid population metric, naive approaches
virtually always require even more restrictive assump-
tions than a statistically rigorous approach. For ex-
ample, the assumption of equal detection probabilities
for agroup of similar sitesis much less restrictive than
the assumption that detection probabilities all equal 1.
The effect of violating assumptions is nearly always
more profound on naive approaches that do not account
for underlying sampling processes that contributed to
the observed data (e.g., Jolly and Dickson 1983, Pol-
lock et al. 1990, Williams et al. 2002).
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APPENDI X
Full results of the simulation study assessing the accuracy of the estimated parameters are available in ESA's Electronic

Data Archive: Ecological Archives E084-054-A1.



